T ype 1 diabetes mellitus (T1DM) is characterized by the destruction of the insulin-producing b-cells in the pancreas. Exogenous insulin administration is therefore required to regulate the blood glucose concentration. The goal of diabetes management is to maintain homeostasis and blood glucose near normal levels (80-140 mg/dL) and thus to avoid immediate life-threatening situations, such as severe hypoglycemia and ketoacidosis, and long-term complications, such as cardiovascular disease, nephropathy, neuropathy, and retinopathy.
T ype 1 diabetes mellitus (T1DM) is characterized by the destruction of the insulin-producing b-cells in the pancreas. Exogenous insulin administration is therefore required to regulate the blood glucose concentration. The goal of diabetes management is to maintain homeostasis and blood glucose near normal levels (80-140 mg/dL) and thus to avoid immediate life-threatening situations, such as severe hypoglycemia and ketoacidosis, and long-term complications, such as cardiovascular disease, nephropathy, neuropathy, and retinopathy.
Treatment of T1DM requires either multiple daily insulin injections or continuous subcutaneous (SC) insulin infusion (CSII) delivered via an insulin infusion pump. Both treatment modes necessitate frequent blood glucose measurements (eight to ten times/day, including fasting, pre-and postprandial, before bedtime, and in the middle of the night) to determine the daily insulin requirements for maintaining near-normal blood glucose levels [1] - [3] . With the advent of continuous glucose sensing, which reports interstitial glucose concentrations (that reflect the blood glucose) approximately every minute, and the development of hardware and algorithms to communicate with and control insulin pumps, the vision of closed-loop control of blood glucose is approaching a reality. In individuals without diabetes, blood glucose is controlled by various neural and hormonal inputs from the brain, gut, liver, and pancreas that respond to various situations such as meals, stress, and exercise. A closed-loop system for T1DM must be responsive to all daily challenges in life and be able to accurately predict blood glucose levels in advance. This closed-loop system, or artificial pancreas, would include an amalgam of features necessary to bring a person with diabetes as close as possible to normoglycemia using SC insulin therapy.
The artificial pancreas can be seen as a puzzle, represented in Figure 1 , in which several integral pieces form the core, including communication, modeling, control algorithms, learning, meal detection, and safety algorithms. Optional features such as telemedicine can further improve the lives of people with T1DM. With current technology and development, the pieces, as described in detail in the following sections, are coming together, though many still need further refinement. The remaining challenges include detecting and overcoming irregular or variable features in the life of a person with T1DM, such as stress, illness, and exercise.
Communication: Artificial Pancreas System
The primary piece of the puzzle involves reliable communication and secure data transfer between the glucose sensor, a control algorithm, and the insulin delivery pump. This research team has developed a novel platform for use in clinical trials and made progress toward a portable unit. This prototype encapsulates communication between the control algorithm and the pump and sensors, as illustrated in Figure 2 . The artificial pancreas system (APS) facilitates communication and provides a simple and clear human interface that presents all the information to the physician. Additionally, the system allows all events to be logged electronically [4] . It also ensures safety by integrating interlocks, checklists, and alarms. Furthermore, the plug-and-play concept allows the APS to serve as a test bed for various control algorithms without regard to the specific sensors or pumps involved.
The APS has been validated and evaluated using a testing platform known as hardware in the loop [5] . A simulated subject with T1DM, instead of a human volunteer, is connected to the continuous glucose monitor (CGM) and a CSII pump with the APS and control algorithm in the same fashion as during a clinical trial. Such a test allows researchers to conduct a full system validation and verification including extreme scenarios. The current version of the APS (v. 2.6) has received the approval of the Food and Drug Administration (FDA) through a Master File (MAF-1625) to be used in human clinical trials [6] . The APS allows investigators to conduct clinical trials using the Insulet OmniPod pump and the two CGMs, the DexCom Seven system and the Abbott FreeStyle Navigator system, with their control algorithms. Additional pumps and sensors will be added as they become available.
Control Algorithms
There is a rich control literature with numerous examples of algorithms applied to diabetes [7] . However, regulation of blood glucose is different from conventional process control, such as temperature regulation by a thermostat or cruise control in a car. Because of the complexity of human physiology, traditional control algorithms need to be customized to meet the challenges of controlling glucose concentrations in people with T1DM.
The effects of exogenous insulin and carbohydrate on blood glucose concentrations are affected by diverse factors. For control purposes, these variations can be addressed at two levels. During 24-h periods, the process is, effectively, continuous. A controller can be tuned to the individual subject based on their insulin needs, thus accounting for inter subject variations. In contrast, when considering variations on a day-to-day basis, the process can be viewed as a batch operation, and the control algorithms should be updated as such to account for intrasubject variations. For this reason, we have focused on model predictive control for the continuous process and iterative learning control (ILC) for the batch process.
Model Predictive Control
The control of blood glucose concentrations using SC insulin delivery, without administering counterregulatory hormone or hormones, is at a distinct disadvantage compared with the non diabetic state, because SC insulin administration is not able to be absorbed fast enough to balance the rapid gut absorption of recently ingested carbohydrates [8] . Although a change in the basal infusion rate may improve postmeal glucose excursion if food is not ingested, an automatic change in basal rate can be dangerous.
The intersubject variation in insulin pharmacokinetics is relatively large, requiring a personalized control algorithm [9] . These factors motivate the use of MPC using a subject-specific model of SC insulin and carbohydrate effects on blood glucose concentrations. Basic MPC formulations can be solved analytically and in some cases are equivalent to classical proportional-integral-derivative (PID) controllers [10] .
In addition to physical limitations on the SC insulin pump, further constraints should be considered, such as safety constraints that explicitly consider active insulin, and soft constraints designed to achieve a specific set of hierarchical objectives [11] . With the addition of constraints, there is typically no analytical solution, and a constrained quadratic program (QP) must be solved. The solution of such a QP involves an iterative optimization procedure with no guarantee of convergence. Additionally, such problems are computationally expensive, and in the context of a portable system, this could be an undesirable drain on battery power.
The application of multiparametric programming techniques to MPC (mpMPC) offers a means by which to retain optimal control while minimizing online computation [12] . This technique involves the reformulation of the MPC problem via a multiparametric variable; all the optimal solutions are then obtained offline for the expected operating conditions. Within this expected operating space, there are a finite number of critical regions within which an affine function of the state vector defines the optimal control law. The online problem therefore reduces to the evaluation of an affine function contained within a lookup table. This technique has been shown to be feasible for intravenous (IV) insulin delivery [13] and SC insulin delivery [14] .
Learning Patterns for Delivery
It is evident that there exist repetitive cycles in glucose-insulin dynamics. For example, people generally consume meals at similar times from day to day, and the corresponding meal sizes are similar from one day to the next. In addition, insulin sensitivity changes in a predictable manner throughout the day because of circadian variation of hormone levels.
To exploit the repetitive nature of glucose-insulin dynamics, run-to-run (R2R) control has been used to update the meal bolus for outpatient subjects [15] - [17] . ILC can be considered an enhanced version of R2R in a two-dimensional sense; hence, ILC has been successfully implemented in silico for glucose regulation. The general structure of ILC can be represented as follows: where u is the control signal designed by ILC, r is termed as the updating law for ILC, t denotes the time step, and k is the batch index. The equation indicates that the control signal for the current batch is composed of the control signal from the previous batch and the updating law.
In general, there are two ways to adjust the insulin delivery rate using ILC, as shown in Figure 3 [18] : first, ILC can be utilized to determine the insulin delivery rate directly, a method that is called direct ILC; second, the delivery rate can be determined by a local controller and ILC is used to adjust the local controller, a combination that is known as indirect ILC.
A key concern for direct ILC is the design of the updating law. In our previous studies, e.g., [19] , the updating law of ILC was designed by MPC. On the other hand, for indirect ILC, two essential issues need to be established: what algorithms are used to design the local control and which parameters of the local controller are updated by ILC. In our previous studies [20] , [21] , the local control was designed by MPC, and the set point for MPC was updated by ILC. This novel combination is referred to as learning-type MPC (L-MPC). L-MPC has been tested on 11 adult in silico subjects from the UVa/Padova diabetes simulator, which has been accepted by the FDA as a surrogate for animal studies in developing a future artificial pancreas [22] , [23] . The tracking performance under L-MPC is superior to that with MPC, with an average reduction of the tracking error of 21.1%. Specifically, the closed-loop control results for the adult average subject under L-MPC are shown in Figure 4 . After 20 days, the blood glucose concentrations can be kept within 68-145 mg/dL. 
Patient Modeling
Different mathematical models can serve as candidates for the model in an MPC-based artificial pancreas; however, MPC will work best with a personalized model, since the glucose-insulin dynamics differ greatly between subjects. The mathematical model for MPC, for example, could be based on a simplified two differential equation system such as the Bergman minimal model [24] . More detailed models use several subsystems including a SC phase, resulting in higher-order models that also take into account exogenous delivery of meals and insulin [25] - [27] . However, complicated models often contain variables difficult to measure physiologically and parameters that need to be reevaluated in vivo. Moreover, methodological models that include physiological insights include nonlinear terms that will transform the linear-MPC problem into a much more difficult nonlinear-MPC problem that is less robust and more difficult to adjust than linear-MPC. Alternatively, input/output black-box models, such as autoregressive, exogenous input (ARX)-models, have demonstrated the ability to capture the blood glucose concentration dynamics of living subjects without taking into account physiological insights [28] . The ARX models are a more reasonable choice for control, being easy to personalize, computationally efficient to estimate, and readily updated with well-known recursive identification methods [29] . The ARX models are based on a standard linear regression that provides a straightforward way to personalize them to different subjects.
Meal Detection Algorithm
A fully functioning artificial pancreas must regulate glucose levels during fasting periods as well as compensate for meals. In control terminology, meals can be considered as disturbances for a feedback control algorithm. An additional challenge is that an automated system that is responsible for regulating the blood glucose concentration of people with T1DM needs to perform under different compliance levels, without relying on the ability of the user to announce the meal or to correctly estimate its content. The concept of reliable and robust meal detection was presented by Dassau et al. as a way to overcome compliance issues and to allow a secondary line of defense [30] . The meal detection algorithm (MDA) combines four ways to analyze glucose values and its rate of change to flag a meal event. A set of binary inputs from the algorithm is evaluated by a voting algorithm that issues an alarm to the controller in case a predetermined majority is reached. Evaluation of the algorithm on historical clinical data has indicated that a meal can be detected at a mean time of 30 min from the onset of the meal, and, importantly, the mean serum glucose was on an average only 21 mg/dL higher at detection than at the meal time. This rapid detection allows an automated control algorithm to intervene and compensate for the meal disturbance. The MDA can be used by any type of control algorithm to inform the controller of a meal disturbance and then issue the appropriate meal response, as demonstrated by simulation with MPC controller [31] . The use of MDA can improve overall blood glucose control by minimizing the likelihood of hyperglycemia due to no control action and, later, hypoglycemia due to aggressive control action.
Safety Considerations
A functional artificial pancreas will be required to demonstrate both efficacy and safety in controlling blood glucose concentrations. As part of the development of such a system, various alarms, interlocks, and algorithms are used to provide a safe device for the end user. The main objective is to prevent the overdosing of insulin that can result in immediate lifethreatening consequences that are associated with severe hypoglycemia. [33] . Note that with the IOB constraint, glucose remains well above the hypoglycemia threshold of 60 mg/dL.
The intersubject variation in insulin pharmacokinetics is relatively large, requiring a personalized control algorithm.
Insulin on Board
Understanding the dynamics and kinetics of exogenous insulin in the human body can be utilized to ensure that the correct dosage of insulin is administered without erroneous overdosing. Insulin on board (IOB) is an empirical estimation technique that predicts the amount of available insulin over a period of time following exogenous insulin admissions.
The IOB concept was introduced in modern CSII pumps with different decay insulin curves, both linear and curvilinear, with a duration of action of two to eight hours, as part of the smart pump bolus wizard [32] . The use of the IOB concept was demonstrated as a practical dynamic constraint in preventing overdelivery of insulin by the artificial pancreas; see Figure 5 for an in silico example [33] . The synergistic effect of IOB with MPC will result in an aggressive but safe therapy.
The motivation for including IOB constraints was demonstrated in a fully automated closed-loop clinical study at Sansum Diabetes Research Institute in 2007. Initially, no constraint was included, and trials had to be interrupted by the physician to correct for excessive insulin delivery [ Figure  6 (a)]. The IOB constraint was tested and found to be effective in the avoidance of excessive insulin delivery, as shown in Figure 6 (b).
Hypoglycemia Alarming
A major goal of diabetes therapy is to ameliorate the long-term microvascular and macrovascular complications associated with the disease, i.e., retinopathy, nephropathy, neuropathy, cardio-, and cerebrovascular disease [34] . The Diabetes Control and Complications Trial Research Group demonstrated that intensive insulin therapy slows the onset and progression of these complications, although intensive insulin therapy carries an elevated risk of severe hypoglycemia or low blood glucose concentrations [34] . To best improve the life of people with T1DM, therapy to relieve long-term complications must be supplemented with features to resolve more immediate problems such as hypoglycemia.
One of the most feared risks for a person with T1DM is the occurrence of hypoglycemia. Hypoglycemia causes symptoms that range from sweating, confusion, and dizziness in the short term, to seizure, coma, and death if severe and prolonged [35] . Nocturnal hypoglycemia is especially critical, as meals are less likely to be ingested. Additionally, evidence shows that the counterregulatory response to hypoglycemia is blunted during sleep, along with a marked suppression of auditory response by the sleeping person [36] . A robust alarm, which can awaken the person or another household member, is essential to minimize hypoglycemia and avoid its complications. According to Buckingham et al. [36] , seizure occurs two to four hours after the onset of severe hypoglycemia, providing a window of opportunity in which corrective action can be taken to avoid seizures. Corrective actions may include manual correction or, after sufficient time with no response, pump suspension [36] . Ideally, an alarm will be sounded sufficiently far in advance of the onset of severe hypoglycemia to avoid it altogether or at least soften the landing, or blunt the rate of change and ultimate nadir of blood glucose. Such an alarm is essential to provide a layer of safety to the artificial pancreas.
An alarm suite that can easily be implemented into current CGM systems has been developed by the authors along with several collaborators. The hypoglycemia prediction algorithm (HPA) includes five predictive algorithms incorporated into a scheme in which a voting threshold must be reached to set off an alarm [37] . Validation followed using a historical set of 22 Clinical Research Center admissions of T1DM subjects with induced hypoglycemia. With a voting threshold of four out of five algorithms, 82% of events were predicted from 35 to 55 min before a glucose threshold of 80 mg/dL [38] . The HPA suite appears to be an effective system to enable alarming and eventual pump suspension prior to a hypoglycemia event. This safety feature is a crucial fail-safe for automatic glucose control in the artificial pancreas.
Clinical Results
The authors conducted a series of clinical trials at Schneider Children's Medical Hospital, Israel, consisting of open-loop model identification and closed-loop insulin delivery in people with T1DM. ARX models were identified from ambulatory data comprising CGM measurements, CSII pump records, and subject-estimated carbohydrate content (CHO). The best ARX model was chosen based on model validation performance. The mpMPC control law was formulated with this model and included the personalized IOB safety constraint, resulting in a lookup table representing optimal control. This lookup table included ten to 100 entries and required approximately 100 kB of RAM [39] , [40] .
Hyperglycemia was induced prior to the initiation of closedloop control. During the closed-loop trial, the subject consumed unannounced meals of up to 30 g CHO. The control algorithm restored euglycemia in less than three hours. No hypoglycemic events occurred. In no case did the physician override the controller. Exemplary results are given in Figure 7 [41] .
Telemedicine
The other piece of the puzzle that can both improve the safety of the system and assist with system maintenance is telemedicine. Telemedicine, the use of information and communication technology to support medical care and decision-making, has been broadly used to enhance medical care and to provide up-to-date medical information [42] . Although telemedicine is not a required piece in the evolution of the artificial pancreas, it should and will play an integral role in this emerging technological treatment. Telemedicine will allow both data logging and monitoring of artificial pancreas users by their medical providers and even remote tuning of their control algorithm. From a safety point of view, the telemedicine feature of the artificial pancreas will not only bring a means to remotely monitor glucose, as is the case for parents In this clinical trial, insulin was delivered in quantities to commensurate with the subject's insulin requirements, thus normalizing blood glucose concentrations after clinically induced hyperglycemia and an unannounced meal. The controller delivered an appropriate amount of insulin without overdosing due to the IOB constraint [41] .
A fully functioning artificial pancreas must regulate glucose levels during fasting periods as well as compensate for meals.
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MARCH/APRIL 2010 of children with T1DM, but also include an active layer of defense. This safeguard can be embedded such that the artificial pancreas will switch from closed-loop to open-loop mode or suspend insulin delivery in cases of a hypoglycemia event or system failure [43] . The use of global positioning system (GPS) technology with a monitoring system within a telemedicine application can add essential security to the artificial pancreas. Such an application, termed E911, has been suggested by the authors as a way to monitor, alert, and locate people with T1DM that are experiencing a hypoglycemia event. The proposed system would issue a short message service (SMS), or text message, to a predefined list in case of a pending event. An example of a blood glucose tracing including a hypoglycemia event with the visualization of an automatic SMS with GPS coordinates is shown in Figure 8 .
Present Challenges
The successful operation of an artificial pancreas will require careful monitoring to detect underlying changes in the subject's glucose-insulin dynamics because of factors such as stress, illness, or unusual exercise. If such abnormal conditions can be detected and diagnosed in a timely manner, the AP can make appropriate adjustments.
Automatic Detection of Stress States
A recent study by the coauthors has demonstrated that a statistically based monitoring technique, principal component analysis (PCA), can detect stress states in Type 1 diabetes subjects for ambulatory conditions [44] . Nine adults (six men and three women) participated in the study. The data consisted of continuous (5-min) glucose measurements, insulin pump records of basal rates and bolus amounts and times, and subject-recorded estimates of the times and CHO content of meals. An empirical PCA model was calculated for each subject from several days of normal data (i.e., the training data). The subjects were then administered prednisone for three consecutive days, causing decreased insulin sensitivity and thereby simulating a physiological stress state. Then, new data for both stress and normal days (i.e., the test data) were evaluated. A total of 37 test days for the nine subjects were available.
Of the 37 test days, 33 (89%) were classified correctly. Thus, the proposed monitoring technique was able to differentiate between normal and stress days with a high degree of accuracy. Typical monitoring results for a single subject are shown in Figure 9 [44] . Fig. 9 . PCA results for Subject 2 using the Q statistic. The PCA model was developed from the normal training days N 1 -N 4 . All subsequent days are test data. The stress days are denoted by S 1 -S 3 . The poststress days are denoted by P 1 -P 3 . Poststress days are not included in the results because of the unknown residual effects of the prednisone during these days. Day N 5 is a normal test day [44] .
The Q statistic is a standard metric of PCA model accuracy. A Q value above the 95% confidence limit indicates an abnormal (i.e., stress) day.
Exercise
Another major impediment to closed-loop glucose control is the physiological change related to glucose control induced by exercise. To achieve automatic control, exercise must be detected without the user informing the controller of impending exercise. This is especially important for young patients, as they are generally very active and would be unable to inform a controller of every exercise session.
The challenge in detecting exercise is that glucose monitoring alone may not give an accurate picture of the influence of exercise. The effect of exercise on glucose-insulin dynamics changes over time, as opposed to the transient perturbation of a meal or insulin bolus [45] . Adding to the complexity of detecting exercise is the subject's fitness and the duration and intensity (mild, moderate, or strenuous) of exercise, all of which influence the body's response differently. For example, mildto-moderate exercise can cause hypoglycemia in people with T1DM, with the added complication of a blunted autonomic nervous system response [46] ; on the other hand, strenuous activity may cause hyperglycemia after exercise without recovery even when insulin is delivered [47] . As a result, the duration and intensity of exercise must be detected with a certain degree of confidence to maintain glycemia within a safe range. To do this accurately, a second metric must be used to supplement blood glucose monitoring. The chosen measurement must be both convenient for the patient and representative of the effect of exercise on glucose-insulin dynamics.
Challenges to Commercializing the Artificial Pancreas
It is envisioned that the artificial pancreas will be produced in stages, each one a step closer toward full automation. Initial devices, such as those currently available in Europe, consist of overnight pump suspension to prevent hypoglycemia. Intermediate models may require user-defined inputs for frequent occurrences such as meals and exercise. As physiological sensing technology improves, user-defined inputs may be eliminated entirely, thus effectively delivering automated glucose control of similar performance to that found in nature. Market availability of any of these products will depend upon regulatory body approval, which will require extensive clinical trials. Product use will ultimately rely upon a cost-benefit analysis by health-insurance companies.
Summary
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